Summary: A pre-requisite to clustering noisy data, such as gene-expression data, is the filtering step. As an alternative to this step, the ctsGE R-package applies a sorting step in which all of the data are divided into small groups. The groups are divided according to how the time points are related to the time-series median. Then clustering is performed separately on each group. Thus, the clustering is done in two steps. First, an expression index (i.e. a sequence of 1, À1 and 0) is defined and genes with the same index are grouped together, and then each group of genes is clustered by k-means to create subgroups. The ctsGE package also provides an interactive tool to visualize and explore the gene-expression patterns and their subclusters. ctsGE proposes a way of organizing and exploring expression data without eliminating valuable information. Availability and Implementation: Freely available as part of the Bioconductor project at https://bio conductor.org/packages/ctsGE/.
Introduction
Genome-wide gene-expression data provide a common approach to exploring the effects of genes involved in biological processes as a result of applying some condition, being in a particular environment or along a time scale. High-throughput detection of whole-genome expression is performed by microarrays (Churchill, 2002; Cui and Churchill, 2003; Gibriel, 2012; Marzancola et al., 2016) and by next-generation sequencing, e.g. RNA-Seq (Hrdlickova et al., 2016; Wang et al., 2009) . One method of exploring the genes that are related to a biological process is to cluster their gene-expression profiles in what is known as 'guilt by association' (Quackenbush, 2003) . Commonly, clustering necessitates a few preceding steps. Some of these are platform-dependent, such as hybridization quality in the microarray analysis or adapter removal for RNA-Seq data. Others are common for both platforms, such as log-transformation of raw values to make the noise additive, normalization and filtering expression profiles with low variation (Herrero et al., 2003) .
Filtering is essential for clustering performance, because clustering is a memory-and CPU-consuming process when it is applied to high-throughput expression data, i.e. thousands of genes. Moreover, filtering has been suggested to be essential for cluster coherence by excluding the irrelevant genes in advance (Tritchler et al., 2009) . Therefore, several methods for pre-clustering filtration have been suggested based on gene-expression profile variance (Hackstadt and Hess, 2009) and covariance (Tritchler et al., 2009) . However, filtering out irrelevant genes suggests that one knows which genes are irrelevant, which is not always the case. Filtering out genes based solely on variance criteria might exclude interesting genes that are relevant to the study at hand.
Here we describe an R-package that divides the genes in a gene expression dataset into hypothesis driven subsets and applies further clustering within each one of these subsets, based on their expression pattern correlations. This approach presents an alternative to preclustering filtration and does not require a filtering stage. The reason is that the clustering is not applied to the entire set of genes, rather to a small set that has been chosen based on hypothesis. The approach of 'getting right to the point' based on hypothesis, as we suggested herein with the indexes, is fast and memory efficient because the clustering is done on small subsets of genes rather on the entire set. However as in hypothesis driven approach one loses the broad picture perspective. Moreover by forfeiting filtering the responsibility of defining what genes are considered to be noise in term of 
Data exploration
Normalized expression data are divided into groups of genes as follows. First, scaling of each gene's expression along experiment's conditions is performed by a standard scaling function [x i Àme-dian(x)]/mad(x), where mad(x) is the median of absolute deviation (MAD). Next, the area around the median of the gene-expression profile is calculated as the median bounded by higher and lower MAD units. After determining the limits around the gene-expression median, new index values are assigned at each time point: 0 if the standardized value is within the limits, 1 if it exceeds the upper limit and À1 if it exceeds the lower limit. That index is used to group genes and create subsets. The number of the genes that have the same index is a function of data property and the MAD-units cutoff. We can only control the cutoff. A suggestion of how to calculate the optimal cutoff is described in the tutorial (see Supplementary  Material) . Since the principle of the approach is to cluster small group of genes, the optimization strives to divide the gene set into groups of equal size, which result in the smallest group size. k-means clustering is then performed for each group of genes and an optimal k is calculated if the k argument of the clustering function is ignored.
To choose an optimal k for k-means clustering, we apply the Elbow method (Thorndike, 1953) . We ran the k-means clustering over the entire 1149 gene set from gene expression omnibus repository (Accession No. gse2077) and compared it with clustering the same data after indexing to 230 index groups. The latter run was 5-fold faster (6.19 s) than clustering the entire gene set (30.80 s). Unsupervised clustering of high-throughput data produces many clusters. This leaves the researcher with the question of where to begin. Creating an index to group the genes according to their expression profile gives the researcher an anchor with which to start.
For example, if we have expression data for six time points, and we would like to search for genes that exhibit decreased expression with time, we will look for an expression index as follow '1,1,0,0,À1,À1' in the gene subsets. A group of genes with the same index will usually show more than one expression profile. The next step will be clustering the group of genes with k-means to split the different expression profiles into coherent subgroups (see Supplementary Fig. S1 ). The number of clusters is chosen interactively through the graphical user interface (GUI) or optimized by the Elbow method in the code. Note that the number of singleton index groups is expected to be increased in correlation with the number of time points increases. However, most of the biological time-series studies consist of eight or less time points (Ernst et al., 2005) . Moreover, genes are not expressed independently and therefore the number of singleton index groups will not necessarily be increased as expected. Yet, the method works better with short time-course studies.
Implementation
The concept described earlier can be performed in the ctsGE R-package by either writing the R-package functions or interactively through GUI. The GUI for exploring the expression data was implemented with the Shiny R-package (Fig. 1) . Input data are expected to be transformed and normalized after pre-processing of platformdependent steps. Following the data upload and creation of the ctsGE object, a web interface is opened (Fig. 1A) . On this web page, the user chooses the index group either by pulling down the 'Select an index' box or simply by indicating a specific index as a free text. The user may change the number of clusters (k) to show (Fig. 1B) in the chosen index group. On the main panel, one tab will display the clusters as line graphs (Fig. 1C) , and a second tab will show a list of genes and their expression values (Fig. 1D ).
Conclusion
The ctsGE package provides a useful tool to deal with large amounts of expression data, without losing information due to filtering and clustering. This concept was implemented in a study of dormancyrelease stimuli in Vitis vinifera (Ophir et al., 2009) . By grouping genes into separate indexes, the ctsGE package provides a way of exploring the expression data based on hypotheses. Moreover, it is faster than clustering the entire gene set. ctsGE was first designed to analyze time-series gene-expression data as indicated by Ernst et al. (2005) . However, the application that was presented herein should not be restricted to time series data rather it can be used to explore any co-expression trends of genes under the concept of 'guilty-byassociation'.
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